Abstract-In this paper, channel estimation problem for downlink massive multi-input multi-output (MIMO) system is considered. Motivated by the observation that channels in massive MIMO systems may exhibit sparsity and the path delays vary slowly in one uplink-downlink process even though the path gains may be quite different, we propose a novel channel estimation method based on the compressive sensing. Unlike the conventional methods which do not make use of any a priori information, we estimate the probabilities that the paths are nonzero in the downlink channel by exploiting the channel impulse response (CIR) estimated from the uplink channel estimation. Based on these probabilities, we propose the Weighted Structured Subspace Pursuit (WSSP) algorithm to efficiently reconstruct the massive MIMO channel. Simulation results show that the WSSP could reduce the pilots number significantly while maintain decent channel estimation performance.
I. INTRODUCTION As a promising technology for future wireless communication, massive multiple-input multiple-output (MIMO) systems have received enormous attentions [1] . It is shown that with the increase number of base station (BS) antennas, the massive MIMO systems could provide unprecedented spectral efficiency and array gains.
In order to benefit from the advantages of massive MIMO technology, the channel state information (CSI) is essential for both of the uplink and downlink process. In a typical massive MIMO system, the BS is equipped with a large number of antennas, which makes the downlink channel estimation become a big challenge since each user has to accurately estimate channels from massive number of BS antennas. Obviously, the reliable CSI acquisition requires a substantial increase in complexity and pilot overhead. Hence, most of the works today have considered massive MIMO of time division duplex (TDD) systems, where the CSI can be only acquired at the base station (BS) side and then utilized at both transmission directions based on the assumption of channel reciprocity [2] . However, the uplink CSIs could be inaccurate or even outdated for the downlink in fast time-varying channel conditions, which will eventually lead to performance deterioration.
To solve this problem, some efficient downlink channel estimation schemes have been proposed based on the structured compressive sensing (SCS). With these schemes, the channel could be recovered by only few pilots as long as the channels are sparse in nature [2] [3] [4] [5] [6] . In [2] , the structured subspace pursuit (SSP) algorithm is proposed for downlink massive MIMO system by using the superimposed pilots. In [3] , the block based orthogonal matching pursuit scheme is proposed for downlink massive multiple-input single-output (MISO) systems. In order to further improve the downlink channel estimation, the authors in [4] assume the path delays are invariant, although path gains may be quite different during one uplink-downlink process by exploiting the channel reciprocity in TDD mode, and then utilize the channel support estimated from the uplink training to enhance the downlink channel estimation [4] . Based on this idea, the Auxiliary information based Block Subspace Pursuit (ABSP) algorithm is proposed. However, the channel support is not always invariable if there is a relative movement between the UTs and the base station. As a result, using the uplink channel support directly in the downlink channel estimation may lead to performance deterioration.
In this paper, we propose a new Weighted Structured Subspace Pursuit (WSSP) algorithm for the downlink channel estimation in TDD massive MIMO systems. This approach is inspired by the observations that the downlink channels may share a common support in massive MIMO systems [7] , and the path delays change slowly over one uplink-downlink process [8] [9] . We propose a method that easily estimates the probabilities of the nonzero paths delays in the downlink channel based on the knowledge of the previous uplink CIRs. These probabilities are used as a priori information for SSP to enhance the channel estimation performance. Compared with the conventional SSP method and ABSP method, the proposed WSSP leads to a significant reduction on the pilot overhead while maintains the accurate channel estimation performance.
The rest of the paper is organized as follows. We first describe the downlink massive MIMO system model in Section II. Then the WSSP algorithm is proposed in Section III. Section IV presents the simulation results. Finally, section V concludes the paper.
Notations: Throughout this paper, boldface lower and upper case symbols represent vectors and matrices, respectively. Operators , and † represent transpose, Hermite and MoorePenrose matrix inversion, respectively.
{ } is the diagonal matrix with at its main diagonal. ( ), ∥ ∥ and ( ) denote the probability, the ℓ -norm and the largest elements in the support of , respectively.
II. MASSIVE MIMO OFDM SYSTEM MODEL
Consider a downlink massive MIMO OFDM system where the BS with antennas is serving a large number of autonomous single-antenna UTs ( > ). The CIR between the th BS antenna and one certain UT can be denoted as
≤ , where is the maximum delay spread of the CIR. Under the assumption of channel sparsity, only elements are nonzero in h , satisfying ≪ [2] . Meanwhile, it is reasonable to assume that the CIRs of the downlink channels between the UT and different BS antennas share a common support, considering that the distance between UT and BS is much larger than the antenna space at the BS [2] [3] [4] [5] . In other words, by defining
Suppose the total number of OFDM subcarriers is , among which subcarriers are randomly employed to transmit pilot symbols. Thus we can denote the pilot sequence transmitted from the th antenna of the BS to one certain
, ] is the corresponding subcarriers indices of pilots. To reduce the pilot overhead, we adopt the superimposed pilot pattern that the pilots at different transmit antennas share the same locations, i.e. p 1 = p 2 = ⋅ ⋅ ⋅ = p , but each pilot sequence x is unique. In this paper, we simply generate the pilots by setting [2] .
At the UT side, the received pilot vectors from different BS antennas are distinct due to the distinct x and path gains in each downlink channel. The superposition of pilot vectors can be expressed as
where A = {x } is the diagonal matrix with x on its main diagonal, F is a × submatrix comprising the p rows and the first columns of the standard × discrete Fourier transform matrix, and is the additive white Gaussian noise. Moreover, let Φ denote the × matrix as
and
Since h is a sparse vector, we can formulate the channel estimation problem as a classic ℓ 1 norm minimisation problem,
for some suitable > 0.
Besides the spatial correlation which ensures the common support of the sparse MIMO channel, we have also noticed the temporal correlation of wireless fading channels, whereby the path delays remain almost unchanged in one uplink-downlink process, although the path gains may be quite different [4] . However, using the uplink channel support directly to aid the downlink channel estimation is sometimes unreliable since the channel support may change over time if there is a relative movement between the UT and BS. Despite of this, we can still find some useful information from the uplink support, owing to the substantial correlation of CIRs between uplink and downlink [8] [9] .
In this paper we apply a novel channel estimation method called WSSP which is able to produce accurate channel estimation performance from even fewer number of pilots than the SSP by exploiting a priori information obtained from the estimated uplink CIRs.
III. WSSP ALGORITHM FOR UPLINK MASSIVE MIMO SYSTEMS
The main idea of WSSP is based on the observation that the support of the downlink channel is closely similar to the support of the uplink channel in one uplink-downlink process. As a result, we could be able to explore some useful information about the support of h from the CIR of the uplink channel. Since the path delays vary slowly, we could calculate the probabilities that the elements in h are nonzero according toˆ, whereˆis the approximated channel support estimated from the uplink training, and then use these probabilities to aid the reconstruction of h in the downlink process. This approach is divided into the following two steps: 1) Estimation of the probabilities; 2) Downlink channel estimation with the aid of the probabilities.
A. Estimation of the probabilities
Note that two channel taps are not resolvable if the time interval is no more than 1 2 , where is the signal bandwidth [4] . That is to say, one channel tap with delay can be recognized to ℎ( ) if − . Therefore, the conditional probabilities of the nonzero channel taps can be expressed as
Assume is a small integer, indicating the offset of path delays from the uplink to downlink. Based on the previous analysis, we can easily derive the relationship between the maximum (denoted as ), the signal bandwidth , the maximum delay spread and the variation as
Thus, we have
where ⌈⋅⌉ + is the ceil function. Moreover, we can further exploit the relationship between , , and the probability (ℎ ( + ) ∕ = 0| ∈ˆ). It is obvious that if = 0, the path delays are invariant, that is
We can then obtain the probabilities that the th delay in uplink is shifted to the position ± in the downlink as,
where denotes the probability that the th element in h is nonzero, i.e. = (ℎ ( ) ∕ = 0). Therefore, we have
where ( ∈ˆ) equals 1 or 0 is known a priori according to the CIR estimated from uplink training.
In Fig.1 , we illustrate three examples of the probabilities with (a) = 0,ˆ= {10}, (b) = 1,ˆ= {10} and (c) = 1,ˆ= {5, 10, 12}, respectively. Clearly, in Fig.1(a) the channel is static where the path delays are invariable during the successive symbols. On the other hand, in Fig.1(b) and Fig.1(c) the channels are time-varying, where the path delay may change but only within its neighbourhood due to = 1. It is also worth noting that 11 is larger than 9 in Fig.1(c) since both of its neighbours are included inˆ, which increases the probability that the path delay at = 11 is nonzero.
B. Downlink channel estimation with the aid of the probabilities
In order to take advantage of the a priori knowledge, we consider identifying a diagonal matrix
) based on the probability t. In this paper, we first initial the weights by
where ≥ 0 is a user-selected parameter to control the impact of probabilities on the weights. Thus, larger weights could be set to the path delays with higher probabilities of being nonzero. Then we propose the WSSP approach based on the classical SSP algorithm [2] to perform channel estimation with the aid of weights. The details of WSSP is presented in Algorithm 1.
In Algorithm 1, we suppose
. v denotes the residual at the th iteration, and [Ω + ] means adding to each element of Ω. Compared with the classical SSP algorithm where the newly added/updated signal support are blindly selected, the weights containing a priori support information is utilized to aid the support selection in the proposed WSSP , as shown at Line 7 and Line 11 of Algorithm 1. Moreover, note that the weights W are exploited based on the probabilities t and , where the value of determines the degree that the probabilities t may impact the algorithm. Obviously, larger makes the algorithm focus on the path delays with higher probabilities t. As a result, the support is more likely to be selected from these path delays. Hence, the channel estimation performance could be improved if the probabilities are correct. However, in practice, there may be cases with incorrect t, which may lead to performance deterioration. For example, consider a downlink path delay varies far from its original location in the uplink, so that it is not covered by (t). With the proposed algorithm, from Line 7 and Line 11, the weights may highlight the wrong indices, resulting in reduction Algorithm 1 1: Input: Received pilot sequence y, sensing matrix Φ, previous supportˆ, approximated channel sparsityˆ≥ ∥ˆ∥ 0 2: Initialization:
The initial residual v 1 
z ← Φ † Γ y 10:
Ω ←ˆ(Wd) 12 :
← + 1
15:
v ← y − Φĥ Γ 16: end while 17: Output: The estimated CIR vectorĥ Γ of support detection accuracy. In such scenarios, smaller is recommended to limit the impact of the a priori information on the support detection and hence increase the robustness. In particular, when = 0 the WSSP is reduced to the conventional SSP [2] .
The main computational complexity of WSSP comes from the matrix inversion operation required by the support detection during each iteration. Although WSSP requires to process more columns of Φ in the first iteration than SSP to ensure the accuracy of the support detection, it will rule out the redundant columns from Φ at Line 11 in the first iteration. After that, the complexity of WSSP will be exactly the same as SSP. Moreover, owing to the introduction of the a priori information, the proposed WSSP could converge in fewer iterations, which also decreases the total complexity. Therefore, it is reasonable to say that the computational complexity of WSSP is at the same order of SSP.
IV. SIMULATION RESULTS
In this section, simulation studies are conducted to investigate the performance of the proposed WSSP algorithm. Consider a massive MIMO system with = 32 BS antennas. For the downlink transmission, = 4096 OFDM subcarriers are used. The maximum delay spread = 200 is considered with only = 6 nonzero elements. Moreover, the maximum variance rate of the delays is set to ±0.5% [11] while the decay rate is set to 1.
In Fig.2 we set the signal-to-noise ratio (SNR) to 25 , and then compare the success rate of channel recovery between the conventional SSP algorithm, ABSP as well as the proposed WSSP while a varying number of pilots is employed. The success rate is defined as the ratio of the number of success trails to the number of total trails, where a trail is recognized to be successful when the MSE is better than 10 −1 . The number of pilots is varied from 160 to 252, while 100 independent trails are implemented for each . It can be seen from Fig.2 that WSSP is superior to other algorithms. Specifically, it requires no more than 172 pilots to achieve the success rate of 50% and 196 pilots for 100%. By contrary, the ABSP and SSP require 184 pilots and 204 pilots respectively to reach a 50% success rate, and more than 252 pilots to achieve 100%. It is obvious that the WSSP could lead to a significant reduction on the pilot overhead. The reason of this fact is that WSSP exploits more a priori information from the uplink training to better detect the support and hence to better recover the CSI. Moreover, we observe that the curve of WSSP is smoother than the ABSP's. This is because that the approximated support is not always correct in the time-varying channel. In the ABSP,ˆis used directly to aid the channel estimation. As a result, this incorrect a priori information may eventually lead to performance deterioration. On the other side, WSSP considers both of the cases that the uplink path delays do not change or just change to the vicinity in downlink. Therefore, WSSP could provide more stable performance in time varying channel.
Next, we set = 210 and present the MSE comparison between the proposed WSSP, the conventional SSP and ABSP with = 0 and = ±0.5% in Fig.3(a) and Fig.3 (b) respectively. From Fig.3(a) where the path delays are invariant during one uplink-downlink process, we can see that the MSE performance of ABSP is nearly the same as WSSP. However, ABSP suffers from performance deterioration when = ±0.5% as shown in Fig.3(b) . By contrary, WSSP could achieve a good performance in both of the static channel and the time-varying channel as expected from the analysis. Specifically, WSSP outperforms ABSP by more than 5 dB in Fig.3(b) when the MSE of 10 −1 is considered, thanks to the impose of the a priori knowledge of channel support.
In Fig.4 , we simulate the cases of model mismatch and model match to evaluate the impact of the decay rate on the proposed WSSP. In the model mismatch case (Fig.4(a) ), we assume the actual variance rate of the delays is ±3 while in the model match case (Fig.4(b) ), the actual variance rate is set to ±0.5. In both of the cases, we employ = ±0.5 for the WSSP. In Fig.4(a) we can see that the WSSP with larger performs badly. This is because the actual variance rate is far beyond the maximum variance rate we set. In this scenario, the approximated supportˆis incorrect and thus provides no benefit to both of the ABSP and WSSP. Hence, it is recommended to use smaller , e.g. = 0.1, in the mismatch case. In Fig.4(b) where the actual variance rate is well estimated (it is same to the maximum variance rate ), we can see that larger could provide better estimation performance for WSSP. These results demonstrate the efficiency of the proposed WSSP algorithm with support match case as well as the robustness to scenarios with possible support mismatch.
V. CONCLUDING REMARKS
This paper considers the downlink channel estimation for massive MIMO system. By extracting the probability information of the path delays from the uplink channel detection, the weighted SSP algorithm is proposed to efficiently solve the downlink channel estimation problem with only few pilots. Simulation results have shown that the proposed scheme could achieve higher spectral efficiency as well as more reliable performance over the time-varying channel.
